The P300 amplitude of a secondary task is found to decrease in dual task situations compared with the corresponding single task situation of performing the secondary task alone, and is regarded as an effective real-time index of mental workload. In this article we describe a successful extension and application of the queueing network human performance model to quantify and model this major finding in P300, based on the neurophysiological mechanisms of P300. A comparison of the simulation results of the model with the corresponding experimental results in the literature indicates that the model quantifies human performance and the change of P300 amplitude in single and dual task conditions accurately. The model has not only a solid basis in its biological mechanism, but also potential value in real time workload prediction and application. Further developments of the model in simulating other dimensions of mental workload and its potential applications in adaptive system design are discussed.
INTRODUCTION
Overloaded operators are more likely to make errors, reducing the safety of the man-machine systems (Moray, 1988) . Adaptive system design in "real-time human engineering" expects real-time estimation of mental workload so that the system can propose corresponding actions (e.g., redirecting a phone call to a voice mailbox) to keep the mental workload of operators at an optimal value (Tsang & Vidulich, 2003) .
The amplitude (peak value) of the P300 component in the event-related potential (ERP) is an effective psychophysiological index of mental workload (Donchin, 1979) . P300 is a positive component characterized by a parietally maximal scalp distribution and a latency between 300 and 800 ms (Rugg & Coles, 1995) . The most important finding of P300 related to mental workload is that the P300 amplitude of a secondary task is reduced in dual-task conditions compared with the corresponding single task situation of performing the secondary task alone (Parasuraman, 1990; Wickens, et al., 1983) .
It is now widely accepted that P300 results from intracortical currents which are triggered by the release of norepinephrine (NE) (Nieuwenhuis, et al., in press; Nieuwenhuis, et al., 2005) . NE is a type of neurotransmitter responsible for synaptic transmission-when a spike train arrives in an axon terminal, NE is released into the synaptic cleft producing an electrical response in the postsynaptic neurons (Bear, et al., 2001) . NE is first produced by the locus coeruleus-norepinephrine (LC-NE) system (a nucleus in the pontine regions of the brain stem that consists of NEcontaining cells); and then sent from the LC-NE system to the central nervous system via its efferent projections. NE is released in certain brain regions (known as P300 generators), causing a change of conductivity of these regions and then producing a change of the amplitude of P300 (Nieuwenhuis, et al., in press ). P300 generators are mainly located in the medial temporal lobe structures including the hippocampus, the prefrontal cortex, and the temporal-parietal junction and the adjacent areas which are responsible for perceptual processing.
In human factors engineering, several models of mental workload have been successfully developed and the representative models include control theory-based model (Levision, 1979) , queuing theory-based model (Rouse, 1980; Moray et al, 1991) , PROCRU (Procedure-Oriented Crew Model, Baron & Corker, 1989) , Micro-SAINT (Chubb, et al., 1987) , HOS (Human Operator Simulator, Harris, et al.,1986) , Rouse et al.'s mathematic model (1993), and MHP (Model Human Processor, Card, et al., 1983) , and W/INDEX (Workload Index, North & Riely, 1989 ) (see Xie & Salvendy 2000 , for a review of these models). However, none of these models quantify the major finding of P300 related to mental workload based on its physiological mechanisms, meeting the requirements both from engineering applications and biological realism.
In this paper, we describe a queuing network modeling approach to model and quantify the P300 amplitude and human performance. It includes a simulation model of a queuing network architecture and a set of mathematical equations implemented in the simulation model to quantify P300's amplitude. This modeling approach is validated with the results in Wickens et al.'s experimental study (1983) , which is a representative study of using P300 as a measure of mental workload. 
QUEUING NETWORK MODELING OF HUMAN PERFORMANCE
In modeling human performance, computational models based on queuing networks have successfully integrated a large number of mathematical models in response time (Liu, 1996) and in multitask performance (Liu, 1997) as special cases of queuing networks. The queuing network-model human processor (QN-MHP) is a simulation model based on queuing network theory and it regards the human cognition system as a queuing network: first, brain regions with similar functions can be regarded as servers and neural pathways connecting them are treated as routes in the queuing network (see Figure 1) (Bear, et al., 2001) ; second, there are two types of entities in QN-MHP: one represents population spikes trains which encode the information of the target task to be processed (called information entities), and the other represents neurotransmitters which play an important role in synaptic transmission (Rieke, et al., 1997 ) (called neurotransmitter entities). In addition, server G includes brain stem which incorporates the LC-NE system and it sends the neurotransmitter entities to other servers following the NE output function in Nieuwenhuis et al.'s model (2005) .
QN-MHP has been successfully used to generate human behavior in real time, including simple and choice reaction time (Feyen, 2002) , transcription typing (Wu & Liu, 2004a) , psychological refractory period (Wu & Liu, 2004b) , visual search (Lim and Liu, 2004) , and driver performance (Liu, Feyen & Tsimhoni, in press ).
MODELING OF P300 AMPLITUDE AND HUMAN PERFORMANCE IN A TRACKING TASK
Modeling the P300 Amplitude
As described in the introduction section of this paper, after NE are produced from the LC-NE system, they reach target brain regions engaged in processing the information of a task. Based on the balance of NE before and after synaptic transmission (Bear, et al., 2001; Haines, 2002) , the total amount of released NE in processing target tasks (suppose there are ξ tasks which are concurrently processed) equals the difference between the amount of NE synthesized from the LC-NE system (NE LC, see Appendix) and the amount of residual NE left (NE 0 ) in presynaptic neurons (see Equation 1), where τ is a normally distributed random factor with mean equaling 0. 
For one of tasks in these ξ tasks, the amount of NE released for task i (NE rel,i ) is determined by Equation 2. 
Therefore, we have:
Equation 3 above can be rewritten into:
where N m,j is the number of information entities of other tasks concurrently processed in server j; C m,j is the number of processing cycles for each of those entities at server j; NE p is the amount of NE needed for each of those entities at each processing cycle at server j (see Appendix for the setting of parameters).
In the computational models of brain potentials, Nunez (1981) 
where, φ is the amplitude of the ERP potential (unit: μv); r is the distance from the electronic field point (location where NE is released) to locations of the electrodes on the scalp; δ is the resistivity of the brain regions across this distance; I is the current from the electronic field point where NE is released.
Since there is an inverse proportional relation between the resistivity and the amount of NE released (NE rel ) (Gray, et al., 1986; Nieuwenhuis, et al., 2005) 
Furthermore, since P300 results from the generators of P300 wave in certain brain regions (servers in perceptual subnetwork, servers A, B, C, E, F in cognitive subnetwork corresponding to the P300 generators described in the introduction section), Equation 4 can be further developed into:
where j' represents the servers which can serve as the generators of P300 corresponding to the neuroscience findings.
Combining Equations 8 and 9, the P300 amplitude including its peak for task i is quantified in Equation 10 , where the values of its parameters are set in Appendix. 
Therefore, when the amount of NE consumed by the primary task increases from 0 (single secondary task condition) to a certain value (dual task condition), the amount of NE available for the secondary tasks decreases. This decrease in the amount of NE produces an increase in the resistivity of the brain regions and then a decrease in the amplitude of P300 of the secondary task. Wickens et al. (1983) measured human performance (rootmean-square error) and the P300 in a concurrent task which includes a visual-manual tracking task (primary task) and an auditory probe counting task (secondary task). In the primary task, subjects manipulated a joystick and attempted to superimpose a cursor on a target which was moving in a series of discrete horizontal displacement on a visual display. In the secondary task, subjects were instructed to count the number of occurrences of low-pitched tones in a series of tones of high or low pitch.
The Experimental Study of Wickens et al. (1983)

Simulation of Human Performance in the Experimental Study of Wickens et al. (1983)
Following the general method of QN-MHP simulation (Liu, et al., in press ), the NGOSML-style task descriptions of both the manual tracking and auditory probe counting tasks are developed (see Figure 2) . Multitask performance emerges as the behavior of multiple streams of information flowing through a network without writing another program to either interleave two task procedures into a serial program or control the two task procedures with an executive control (see Figure  3) . 
SIMULATION RESULTS AND ITS VALIDATION
By implementing the equations developed in the previous section into the simulation model, the simulation results are obtained and compared with the experimental results of Wickens et al. (1983) . Figure 4 shows the simulation results of the root-meansquare error in tracking performance in comparison with experimental results. The R square is .99 and RMS equals 13.24. The P300 amplitudes (peak values) of the secondary task are shown in Figure 5 which shows that the amplitude of P300 is smaller in the dual task condition than in the single task condition (R square=0.99; RMS=0.39). 
DISCUSSION
We described a queuing network modeling approach to model human performance and the P300 amplitude in a dual task situation. It quantifies the major findings of P300 related to mental workload and offers a quantitative mechanism with solid neurological evidence to explain how the P300 phenomena are produced in the human brain as an attempt to meet requirements both from engineering applications and biological realism. This queuing network model is useful in predicting mental workload in real-time in engineering applications. For example, many intelligent or adaptive driver support and warning systems could benefit greatly from computational workload models to estimate driver workload and propose actions to prevent traffic accidents. By implementing this computational model into these systems, driver mental workload can be estimated more accurately including the prediction when the mental workload reaches "red-line" of the mental workload as well as how much and how long it exceeds that red-line.
We are extending the current modeling approach to model other important findings in mental workload research. For example, by quantifying subnetwork utilization, the queuing network model is able to predict the subjective mental workload measured by various workload scales. Overall, the queuing network modeling approach is a useful modeling method to quantify and predict mental workload, the behavioral performance, and electrophysiological phenomena of the cognitive system.
